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1. Introduction

There is a long history of asset pricing theory that links
the quantity and quality of information flows to changes
in asset prices. For example, information that results in a
resolution of uncertainty about a firm’s future prospects
can result in a revision in the current price. According to
this view, an important process affecting price movements
is the news arrival process. Nevertheless, the fundamen-
tal question concerning news sources of large price move-
ments in capital markets, typically labeled as “jumps,”
remains relatively under explored. Recently, however,
Baker et al., 2021 explore the news source of jumps at the
market level in 16 different countries. Their results show
that the news source of stock market jumps, and clarity of
that source, matters for future volatility and that the clar-
ity has increased over time. Gurkaynak et al. (2020) ana-
lyze a framework in which jumps in asset prices around
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macroeconomic news announcements reflect both the re-
sponse to headline news and to latent factors that reflect
other non-headline news in the release. They find that ac-
counting for the non-headline news is crucial for explain-
ing yield curve variations. We contribute to this grow-
ing line of research by analyzing a comprehensive news
dataset of 21 million news articles, and analyzing how the
(contents of) news flows affect return jumps for over 9000
publicly-traded individual stocks.

Jumps in asset prices have been recognized as impor-
tant for many financial and economic decisions, such as
portfolio re-balancing, derivatives pricing, and risk mea-
surement and management. The intuitive idea that large
movements in stock prices might be related to important
information flows (such as earnings surprises) in the mar-
ket has inspired many studies related to modelling jumps
in stock returns, mostly treating information flow as latent.

In this paper, we analyze the relationship between
news processes and stock return jumps, rather than treat-
ing that relationship as latent. We focus on nonparametric
analyses of firm-specific news. In particular, after collect-
ing a comprehensive set of news articles from the Factiva
database, we use textual analyses to derive measures sum-
marizing those news, including news frequency, tone, and
uncertainty.! We then test to what extent nonparametric
measures of jumps are related to those news variables.
We analyze important determinants of the cross-sectional
news-jump relationships, especially as they relate to firm
characteristics (e.g., size, sector, institutional ownership,
analyst coverage), news categories, and news coverage,
as well as how those relationships have changed over
time. We also use news measures from RavenPack where
feasible for robustness checks and to extend our sample
period to the end of 2020 for some of the analyses.

Given our comprehensive Factiva data, one contribu-
tion of our paper is a wealth of descriptive statistics about
both news frequency and content (tone and uncertainty).
For example, the number of news articles across firms is
heavily skewed towards large firms.2 Our textual analysis
reveals a slightly negative news tone and moderate news
uncertainty on average, and there is considerable varia-
tion in these news measures across individual companies.
Although data intensive, our paper features four encom-
passing highlights on how news flows affect stock return
jumps.

Combining the news measures with nonparametric
identification of jumps in individual stock returns reveals
the first and central results of the paper. Specifically, we
show that the news measures are significantly related to
jump probability/intensity and jump return characteristics

1 Qur analysis builds on the word list provided by Loughran and Mc-
Donald (2011). See Loughran and McDonald (2016) for a recent survey
on textual analysis in accounting and finance. There is a growing lit-
erature on using textual analysis to understand the content of news
or regulatory filings. Also see, for example, Gentzkow et al. (2019) and
Kelly et al. (2019).

2 For example, when sorting all the firms into three firm size groups
(large, medium, and small), we find that the group of large firms is cov-
ered by 86% (or 18.49 million) of all news articles, and a representative
group of 20 large firms alone is covered by 3.16 million news articles.
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(jump size mean and volatility).> For example, there is a
significantly higher likelihood of jumps in daily stock re-
turns when the news frequency and the absolute value of
the news tone are higher on a particular day, with news
frequency playing a dominant role. Conditional on at least
one jump in daily returns, we find that positive jump re-
turns are positively related to news intensity, whereas neg-
ative jump returns become more negative on average as
news intensity increases. The other characteristic of jump-
size distributions, jump size volatility, is positively and sig-
nificantly related to both news frequency and the absolute
value of the news tone. In general, our results suggest that
the measures of news flow explain an important fraction of
the variations in jump size distributions, and news inten-
sity plays an especially critical role in driving jump proba-
bility.

Notably, given our long sample period of news, a sec-
ond highlight is that we are able to uncover a new time
trend in the effect of news on stock return jumps. Our
results suggest that the impact and explanatory power of
news flow on the stock return jumps have increased over
time. For example, the coefficient estimate for the effect
of news count on the probability of jumps has increased
five-fold from 1980 to 2012 (from 0.1 to over 0.5).* We re-
late the increased price informativeness of news in the tail
of the return distributions to a broad trend of improved
data provision and transparency, and changes in technol-
ogy and accounting practices. For example, the creation of
EDGAR in 1993 — an improvement in information dissem-
ination technology (e.g., Gao and Huang, 2020; Goldstein
et al, 2020) — as well as the wide adoption of the Inter-
net after 2000 could be two contributing factors. Extend-
ing our sample period to the end of 2020 using RavenPack
data reveals that this trend has continued with interest-
ing exceptions during the crisis periods of 2008-2009 and
2020. This discovery of the improvement in (tail) price in-
formativeness for individual stock returns, utilizing daily
news flow information, complements the increased “clar-
ity” over time associated with market-level jumps reported
by Baker et al., 2021.

Thirdly, after establishing the news-jump relationship,
we further investigate in the cross-section how the sensi-
tivity of jump probability to news is determined by firm
characteristics. In univariate regressions, we find that the
jump sensitivity to news is higher for larger firms or firms
in more transparent and visible information environments
(such as more analyst coverage, more media visibility, and
higher institutional ownership), highlighting the impor-
tance of those channels with respect to quick incorpora-
tion of news into returns. However, the firm characteris-
tic variables are correlated and in multivariate regressions,
the media visibility, analyst coverage, and institutional

3 Under the most stringent criteria using the Lee and Mykland
(2008) methodology, there is one jump every 57 days on average across
all firms. As discussed below, this is equivalent to identifying a daily
jump if the absolute value of the daily return exceeds 5.1 times the time-
varying daily spot volatility. For robustness, we also provide results for
alternative methods of identifying jump days.

4 In untabulated analyses, we find a similar increasing trend for the R?
of those regressions that R* has increased from 1% in 1980 to 9% in 2012.
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ownership remain the three most important determinants
of the jump sensitivity to news.

Another cross-sectional variation we explore is the
heterogeneous impact of the news categories on jump
probabilities. This leads to our fourth main finding that,
among ten major categories of news classifications, news
associated with earnings and revenues, analyst ratings,
capital structure changes, mergers and acquisitions, and
marketing and investor relations are the most influen-
tial factors associated with stock return jumps.” In ad-
dition, we find that within each of the ten news cate-
gories, the subcategories of news also affect jumps dif-
ferently. For example, while marketing and investor re-
lations is one of the most important news categories,
only conference call and shareholder disclosure related
news in that category are statistically significant at the
sub-category level. Overall, the results highlight the value
of investigating the impact by both news categories and
sub-categories.

In addition, we conduct many robustness tests, includ-
ing using alternative definitions to identify jumps and us-
ing news articles that only mention a single firm. The
RavenPack data also allow us to conduct additional robust-
ness analyses, including using novel news instead of the
entire set of news. Our results are robust to these alterna-
tives.

Our paper adds to the large literature concerned with
the effect of news on stock returns.® Recent research links
news flows to the distributional properties of individual
stock returns. For example, Engle et al. (2021) show that
public-news counts are related to the volatility of stock re-
turns for 28 large firms. Boudoukh et al. (2019) use textual
analysis to identify the effects of news that are associated
with fundamentals as opposed to information revealed by
trading; and test these alternative sources of return volatil-
ity. In a study of 23 firms, Lee (2012) finds that jumps in
returns are more likely to occur during scheduled news an-
nouncements.

Our study differs from these related papers in signifi-
cant ways. For example, our sample is more comprehen-
sive than Lee (2012) and Engle et al. (2021); we have over
21 million news articles associated with more than 9000
firms. Therefore, our paper provides insight on the impact
of news on jumps for large, medium, and small companies,
the cross-sectional determinants, and the heterogeneous
effects of news on jumps. Although both Lee (2012) and
Engle et al. (2021) focus on news arrival or counts, we in-
clude not only the frequency of the news articles, but also
the textual content measures of the news articles, and in-
vestigate the impact of news on the distribution of stock

5 This analysis is based on our sample of RavenPack news (2000-2020)
for which we have commercially generated news classifications.

6 For example, research focuses on the effect of news on returns or
volatility includes, among many others, Cutler et al. (1989), Berry and
Howe (1994), Mitchell and Mulherin (1994), Chan (2003), Antweiler and
Frank (2004), Veldkamp (2006), Tetlock (2007), Tetlock et al. (2008),
Fang and Peress (2009), Tetlock (2010), Tetlock (2011), Kyle et al., 2011,
Neuhierl et al. (2013), Baker et al. (2016), Manela and Moreira (2017),
Zhao (2017), Bali et al. (2018), Bybee et al, 2019, Ke et al, 2019,
Baker et al.,, 2019, and Jiang et al. (2021).
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return jumps that include jump intensity, jump-size mean,
and jump-size volatility.”

Our analyses of the relationships between news flow
measures and jumps in stock returns for a large panel
could enrich the economic content of a large class of mod-
els of stock return jumps that typically treat the sources
of jumps as latent. Explicitly incorporating news processes
in models of stock return jumps can potentially help iden-
tify jumps due to information arrival as opposed to jumps
due to other reasons such as liquidity and strategic trading
based on private information. This may have broad impli-
cations for applications where stock return jump models
are frequently used.?

In Section 2, we discuss our data collection and the
summary statistics of those data including news frequency
measures, tone, and uncertainty measures of the news
based on textual analyses, and nonparametric measures
of realized jumps in stock returns. In Section 3, we pro-
vide a detailed analysis of relationships between the real-
ized jumps and the various measures of news flow, both
with respect to jump frequency and statistics of the real-
ized jump-size distribution. In Section 4, we analyze the
cross-sectional determinants of the jump probability sensi-
tivity to news variables, as well as the heterogeneous im-
pact of disaggregated news categories on jump probability.
In Section 5, we report a number of robustness analyses.
Concluding comments are in Section 6.

2. Data

Our primary news dataset is constructed by access-
ing news from Factiva. Our initial search for news articles
started in July 2012, so we fixed this date as the ending
date for our Factiva searches, resulting in a Factiva news
sample period from January 1980 to July 2012. This search
returned 9020 companies with at least one news article in
Factiva. In order to conduct robustness analyses, and to ex-
tend our time period, we also accessed news from 2000 to
2020 from the RavenPack news database. The correspond-
ing stock return data were retrieved from CRSP.

The Factiva news collection involves the following
steps. First, we start with the public companies from the
CRSP/Compustat merged database. For each of these com-
panies, we search for its CRSP/Compustat company name
in Factiva to obtain the corresponding Factiva company
name and company code. We then match CRSP/Compustat
IDs with Factiva IDs, which allow us to obtain news articles
for individual companies.

7 Engle et al. (2021) focus on the impact of news counts on stock return
volatilities. The firms in Lee (2012) have an average of 49 scheduled news
events every year over the sample period of 1993-2008. In contrast, our
top 20 firms in the Online Appendix Table A.1, which are comparable to
the firms in Lee (2012), have an average of 5499 news articles every year
(daily mean of 21.82 times 252 trading days) during our sample period
from 1980 to 2012, covering a much broader sets of news and corporate
events.

8 These include studies on pricing jump risk for returns, such as
Maheu et al. (2013), as well as studies that fit options and the under-
lying assets jointly with a focus on solving option pricing puzzles, as in
Pan (2002), Christoffersen et al. (2012), and Bégin et al. (2019). Our anal-
yses suggest that asset pricing models of jumps may be enriched by in-
corporating the observed news measures explicitly.
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Table 1

Summary statistics.

Panel A reports summary statistics for news counts compiled from the Factiva database for all firms and firms in
three size groups with an equal number of firms in each group, sorted by their market capitalization at the end of
the sample period. Panel B reports summary statistics for daily news tones and the percentage of uncertain words
(times 1,000). Both variables are constructed by analyzing the first paragraph of each news article. We calculate
the percentage of positive, negative, and uncertain words using the positive, negative, and uncertain word list
from Loughran and McDonald (2011), respectively. The news tone is calculated as the difference between the
percentage of positive and negative words. Then, the tone and uncertainty of individual articles are aggregated at
the daily level using the total number of words in each article as weights. Panel C reports summary statistics for
daily realized jumps. The daily return jump indicator is identified using 4 alternative statistics. The J99 and J95
indicators use the statistic from Lemma 1 of Lee and Mykland (2008) at 99% and 95% significance, respectively. The
099 and J,95 indicators use a less tight bound from the normal distribution as in Theorem 1 of Lee and Mykland
(2008). We also use the correction term in Gilder et al. (2014). Each of four statistics {J99, J95, Jy99. o095} identifies
a jump day if the absolute value of daily return is above {5.1024,4.4881, 3.2283, 2.4565} times the time-varying
daily spot volatility. The sample period is from January 1980 to July 2012.
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Panel A: News counts summary statistics

Company Total Mean Median Std. Dev. % Post-2000
All Firms 21,510,023 1.06 0 10.45 79.48%
Large Firms 18,490,700 1.95 0 14.88 80.44%
Medium Firms 2,208,347 0.37 0 3.86 77.71%

Small Firms 810,976 0.17 0 1.36 62.29%
Panel B: News tones summary statistics
Average Std. Dev. Average Std. Dev.
Tone Tone Uncertain Words ~ Uncertain Words
All Firms -0.315 17.122 2.185 14.661
Large Firms -0.506 18.445 2.959 14.817
Medium Firms 0.042 15.074 1.519 13.318
Small Firms -0.385 16.801 1.480 15.844
Panel C: Realized jumps summary statistics
N Jump Days J99  Jump Days J95 Jump Days J99 Jump Days Jo95
All Firms 20,079,694 351,374 480,489 1,096,893 2,055,081
Large Firms 9,426,014 117,683 172,332 445,746 894,227
Medium Firms 5,950,623 111,943 152,270 341,381 627,889
Small Firms 4,703,057 121,748 155,887 309,766 532,965

Second, for each of the companies with a Factiva com-
pany code, we search for the total number of news arti-
cles available in the Factiva database for our sample period.
The total number of news articles is helpful in determining
our search strategy for individual companies in the next
step.

Third, we retrieve the news items for each Factiva
firm. Due to the quota limitation of Factiva, we break
down the searches for firms with a large number of
news items into searches by firm-month. We then use
a set of Python scripts to organize all the news items
retrieved from Factiva. For each news item, we obtain
the headline (title) and the first paragraph (but not the
full text due to data downloading limitations), the date
of the news article, the media outlet where the news
article is published, and the total number of words in
the article. We impose a Factiva filter to exclude the
news articles discussing the market and stock price move-
ments. This filter helps to alleviate concerns about re-
verse causality of stock return jumps triggering the news
reports.

Panel A of Table 1 presents the summary statistics of
news counts for our sample, including for all firms as
a group and for firms in three size groups. There are
21.51 million news articles for these firms. The number of
news articles across firms is heavily skewed towards large

firms.? The Online Appendix Table A.1 reports the same in-
formation for the 20 individual firms selected from differ-
ent industries with the most news coverage, which we la-
bel “Top 20 News Firms.”!? These top 20 firms alone are
discussed in 3.16 million news articles. Not surprisingly,
news articles concentrate in the post 2000 period. For all
firms, close to 80% of the news articles are in the post
2000 period, although this coverage is smaller for small
firms (62%) and much higher for the top 20 firms (with
a few exceptions). For the top 20 firms, on average 84% of
the news articles are in the post 2000 period.

We analyze the textual content of the first paragraph
of the news articles to obtain our key textual measures
(such as news tone and percentage of uncertain words)
using the word lists developed by Loughran and McDon-
ald (2011, 2013)."" Specifically, for the first paragraph of
each news article, we calculate the news tone as the dif-

9 Size groups are defined by market capitalization at the end of the
sample period. There are an equal number of firms in the three different
size groups.

10 Note that these 20 firms do not necessarily correspond to 20 firms
with the most number of news articles during the sample period as we
selected firms with the most news coverage from various industries to
avoid concentration of firms in a particular industry.

" Loughran and McDonald (2011) propose the word lists that are ap-
propriate for business communication. Many of the recent papers on the
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ference between the percentage of positive words and the
percentage of negative words (from Loughran and McDon-
ald, 2011); and the news uncertainty measure as the per-
centage of uncertain words, using the LM uncertain word
list.

Since most of our analyses are at daily level, we con-
solidate the article-level measures to generate correspond-
ing daily measures. We use the number of words in each
article as the weight to calculate the word-weighted daily
news tone and daily percentage of uncertain words. The
summary statistics of these daily textual measures are pre-
sented in Panel B of Table 1. For the whole sample, the av-
erage daily news tone is -0.0315% and the average percent-
age of uncertain words is 0.2185%. Across the three groups,
large firms show more negative news tone and a higher
percentage of uncertain words. This becomes more clear
when examining the top 20 firms (the Online Appendix
Table A.2), whose news tone ranges from around -1% to
-0.1% and the percentage of uncertain words ranges from
around 0.2-0.8%.

Realized jumps in stock returns are identified using a
non-parametric approach (Lee and Mykland, 2008).'? Panel
C of Table 1 presents summary statistics associated with
daily realized jumps. Each indicator variable takes a value
of 1 if there is a jump identified using the specific cri-
teria for stock i on day ¢, and is O otherwise. To iden-
tify jumps, we use two distributions from Lee and Myk-
land (2008), and use J to denote using the distribution of
maximums and use Jo to denote using the normal distri-
bution to determine jump thresholds. The number next to
J or Jy refers to the percentile of the corresponding jump
identification criteria. For example, J99;, corresponds to
the 99th percentile of the distribution of maximums as in
Lemma 1 in Lee and Mykland (2008). Effectively, each of
the four statistics {J99, J95, Jp99, Jo95} identifies a daily re-
turn as a jump if the absolute value of the daily return
is above {5.1024,4.4881,3.2283,2.4565} times the time-
varying daily spot volatility, respectively. As a result, the
thresholds to identify jumps according to these criteria are
also time-varying.

The total number of days where J99 equals 1 for all
firms is 351,374 (out of around 20 million days with non-
missing returns), indicating that there is on average one
jump every 57(=20/0.35) days. For the other measures
(J95, Jo99, Jo95), we see more jumps on average as the cri-
teria used to identify jumps become less stringent. The fre-
quency of daily jumps varies significantly inversely across
the size groups. On average, there is one jump every 80,
53, and 39 days for the large, medium, and small-size firm
groups when J99 is used. The gap in jump frequency be-
comes smaller if we use less stringent criteria. For exam-
ple, in the case of J,95, the jump frequency becomes one
jump every 11, 9.5, and 9 days for the large, medium, and

textual content of news articles have adopted LM word lists when mea-
suring sentiment or tone in the news articles. We follow this approach to
avoid the subjectivity of creating our own word lists. See Loughran and
McDonald (2016) for a survey on related studies.

12 Alternatively, Bollerslev and Todorov (2011) estimate the market jump
tail under the physical measure using high-frequency intra-day data and
estimate the risk-neutral counterpart from index options.
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small size firm groups. The Online Appendix Table A.3 re-
ports daily jump measures for the top 20 firms.

3. Realized jumps and news flows
3.1. Realized jump intensity and news

We link the realized jumps to news flows. We start by
using logistic regressions to examine how the probability
of jumps is related to the news flows measured by the
news count, the (absolute value of) news tone, and the per-
centage of uncertain words.

logit(p;:) = a+ by x NewsCount; + b, x |NewsTone;|
+ by x UncWords; + by x |Retie_1| + €, (1)

where the dependent variable is the daily jump indicator
variable. We also include the (absolute value of) lagged
stock returns in the regressions. All of the explanatory vari-
ables are standardized to have the same mean and stan-
dard deviation across firms for these logistic regressions.
By doing so, we primarily rely on the time series variation
in the explanatory variables to explain the probability of
jumps. We expect the coefficient b; for NewsCount to be
positive and statistically significant. In addition, we expect
jumps to be positively related to the absolute value of the
news tone.'> Although a very high percentage of uncertain
words could induce negative jumps, a low percentage of
uncertain words might not be related to positive jumps.
Therefore, the relation between the percentage of uncer-
tain words and the jump intensity would likely not be as
strong as that for the news count and absolute value of
news tone.

Note that when constructing the measure of news
count we do not drop the news articles that might be re-
lated to other news articles on the same day. By keep-
ing all the news articles in the news count measure, we
aim to capture the importance of the news flows under-
lying the news articles. Undoubtedly this introduces some
noise in the news count measure. In Section 5, as a robust-
ness check, we reconstruct the news count measure using
novel news only. The impact of related news articles on
news tone and uncertainty is smaller as these are percent-
age measures.

Table 2 reports the results. Panel A reports the coef-
ficient estimates for the whole sample and Panel B re-
ports the standardized odds ratio associated with the cor-
responding variable. The probability of a jump is statis-
tically significantly related to the news count. The stan-
dardized odds ratio associated with the news count is 1.22
(for J99), suggesting that one standard deviation increase
in news count increases the odds of a jump by 22%. Real-
ized jumps are also positively and significantly related to
the absolute value of news tone with a standardized odds
ratio of 1.02 (for j99). The relationship between realized
jumps and the percentage of uncertain words is also posi-
tive but the economic significance is weaker, with a stan-

13 This is because a positive news tone is likely to be related to positive
jumps, whereas a negative news tone is likely to be related to negative
jumps.
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Table 2

Effects of news measures on probability of daily jumps.

This table reports results from pooled logistic regressions of daily jump indicators, defined using Lee and Mykland (2008), on daily news measures for all
firms in the sample. The explanatory variables, which are standardized to have the same mean and standard deviation across firms, are the total number
of news articles reported on the Factiva database each day, the absolute value of news tone, the percentage of uncertain words, and the absolute value
of the previous day’s return. The news tone measure is constructed from the percentage of positive and negative words using the list in Loughran and
McDonald (2011). The sample period is from January 1980 to July 2012. The t-statistics, computed using standard errors clustered at individual firm
levels, are reported in parentheses. Panel B reports the odds ratios associated with each variable in brackets. Each of four statistics {J99, 95, Jo99, Jo95}
identifies a jump day if the absolute value of daily return is above {5.1024, 4.4881, 3.2283, 2.4565} times the time-varying daily spot volatility. All regression
specifications include a constant term that is not reported for brevity.

(1) (2) (3) (4)
J99 J95 Jo99 Jo95

Panel A: Coefficient estimates

NewsCount; 0.2003 0.1915 0.1597 0.1318
(105.66) (110.30) (114.07) (113.19)

|NewsTone; | 0.0186 0.0156 0.0113 0.0080
(11.07) (10.33) (9.91) (8.70)

UncWords; 0.0094 0.0093 0.0049 0.0037
(5.68) (6.23) (4.41) (4.17)

|Ret; 4] 0.0809 0.0897 0.1016 0.1061
(45.05) (59.75) (96.91) (115.55)

N 20,079,694 20,079,694 20,079,694 20,079,694

R2, s adden 1.40% 1.24% 0.83% 0.61%

Panel B: Odds ratios

NewsCount; [1.222] [1.211] [1.173] [1.141]
[NewsTone;| [1.019] [1.016] [1.011] [1.008]
UncWraods, [1.009] [1.009] [1.005] (1.004]
IRet;_1| [1.084] [1.094] [1.107] [1.112]
dardized odds ratio of 1.01. The R? of the regression in col- To better understand the cross-sectional variations in
umn 1 is 1.4%. The patterns are, in general, similar when the impact of news flows on realized jumps, we also run
we use other measures of realized jumps in columns 2- the logistic regressions for each of the top 20 firms us-
414 ing each firm’s time series data. The estimation results are
In our Online Appendix Tables A.4-A.6, we report re- reported in the Online Appendix Table A.8. For brevity,
sults for the large, medium, and small firm-size groups. For we only tabulate the results for J95. In general, the pos-
all three groups, news count is the most significant vari- itive relationship between news count and the probabil-
able that relates to realized jumps. However, there are a ity of jumps holds for all firms and is statistically signif-
couple of differences. In the large firms, the absolute value icant for 16 of the top 20 firms. Both the magnitude of
of news tone is more important than the percentage of the coefficient estimates and the R-squared have notice-
uncertain words in explaining jumps, whereas in medium able cross-sectional variations. For example, the R? is high-
and small firms, these two variables are of equal impor- est for Amazon (16.5%) and lowest for Bank of America
tance. Moreover, the news flows are much more important (0.28%). The coefficient for news count is highest for Ama-
in explaining realized jumps for large firms. This is evident zon (0.048) and lowest for Cisco (0.001).
from the R? of 2.18% for large firms, followed by 1.36% and Table 2 reports results investigating the relationship be-
0.79% for medium and small firms respectively (when J99 tween daily news content and the probability of jumps, in-
is used).’ cluding all news sources and all firms. To explore whether

or not mixing news sources affects our results, we re-
estimate that model using more homogeneous media

% The analyses reported in Table 2 use contemporaneous news mea- sources. The results for the J95 jump indicator are reported

sures based on the expectation that public news will be reflected in prices in the Online Appendix Table A.9. Column 1 reports results
quickly (Engle et al., 2021). As a robustness check, we construct five day for which the daily news measures were compiled using
moving average variables as our news measures. The results have the articles from the Dow Jones News Services and The Wall

same signs as in Table 2 but are uniformly weaker. Given that the in-
formation value of news can decay quickly, using moving-average mea-
sures that incorporate stale news could weaken the estimate of the effect

of news on jump probabilities. Nevertheless, even with those smoothed ing Huang et al. (2019), who also analyze the Factiva news database. For
news measures, news frequency and the absolute value of the news tone example, in the Online Appendix Table A.7, we report the results corre-
are both statistically significant and positively related to the probability sponding to the J95 jump test statistic (using the other jump statistics
of jumps. does not change the conclusion qualitatively). As anticipated, removing
15 Stock returns frequently exhibit jumps on quarterly earnings an- earnings announcements slightly reduces the R> and the statistical signif-
nouncement dates and a significant portion of firm-specific news arti- icance associated with the news count variable. For example, the odds
cles might be produced around these dates. To address the concern that ratio associated with the news count variable decreases from 1.211 to
our results might be mainly driven by the earnings announcements, we 1163 and the R? drops from 1.24% to 0.83%. Nevertheless, the statistical
repeat the main analyses of Table 2 by excluding the [-3,+3] trading- and economic significance remain robust after removing the earnings an-
day window around the quarterly earnings announcement dates, follow- nouncements.
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Street Journal only, whereas the results in column 2 include
additionally daily news content from articles in The New
York Times and the results in column 3 include addition-
ally The Financial Times. The significance of our news mea-
sures are similar across the different media sources and
also with Table 2.

3.2. The impact of news flows on jumps over time

We utilize the measures of news in our sample period
to understand how the association between the news flows
and the stock return jumps evolves over time. We esti-
mate the model in Eq. (1) using daily data within each
year from 1980 to 2012. The top panel of Fig. 1 presents
the plots for the time-series of the coefficient estimates
on NewsCount from our Factiva samples (1980-2012). A
clear trend emerges from the plots: the association be-
tween the news flow and the return jumps increased over
time. For example, the coefficient on NewsCount ranges
from 0.1 to 0.2 in the 1980s, increases to a 0.2-0.3 range
in the 1990s, and further increases to be over 0.5 by
2012.

In order to control for Factiva’s inclusion of additional
media sources over time, we redo the analyses by es-
timating the time trend separately for the fixed media
sources.!® The results are reported in the bottom panel of
Fig. 1 which reveals a similar pattern over time for the
fixed media sources.

Fig. 2 reports the same analyses using our RavenPack
sample from 2000 to 2020. The association between news
frequency and return jumps continued to increase over
this extended sample. Note that this relationship decreases
during the 2008-2009 financial crisis and the start of the
COVID-19 crisis in 2020. During crisis periods, many factors
(e.g., liquidity) other than firm-specific news come into
play, which can decrease the relationship between firm-
specific news and jumps in stock returns.

The association between news flows and return jumps
can be interpreted as one measure of (tail) price infor-
mativeness provided by news. Our findings provide new
evidence that price informativeness increased over time.
This identification of the improvement in (tail) price in-
formativeness for individual stock returns, utilizing daily
news flow information, complements the increased clarity
over time associated with market-level jumps reported by
Baker et al., 2021.

There are many potential reasons for this increase in
tail price informativeness over time. It is consistent with
a broad trend of improved data provision and trans-
parency, especially the improved information dissemina-
tion technology (e.g., Gao and Huang, 2020; Goldstein
et al,, 2020)."7 Our findings suggest that the major price
informativeness improvement occurs after 2000 with the
wide adoption of the Internet.

16 We thank the referee for suggesting this robustness check.

17 Both Gao and Huang (2020) and Goldstein et al. (2020) use the stag-
gered implementation of the EDGAR system from 1993 to 1996 as an
identification of information dissemination technologies.
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3.3. Realized jump-size distribution and news

Next, we analyze how the jump-size distribution is af-
fected by news flows. We focus on the jump-size mean
and jump-size volatility and expect the news content (e.g.,
news tone) to affect both moments significantly.

We focus on the observations of realized jumps to un-
derstand the impact of news on the first two moments of
jump-size distributions. For the jump-size mean, we run
the following regressions:

Tie|Jump = bg + b; x NewsCount; + b, x NewsTone;,
+ bs x UncWords;; + by x Tie_1 + €, (2)

where r;¢|Jump measures the realized returns on jump
days and ry_; is the realized returns on the previous day.
Note that each of the news measures is standardized to
have the same mean and standard deviation across firms
to be consistent with our logistic regressions. The above re-
gression implies the following relation between the jump-
size mean and news content measures:

E[ri|Jump=1]
= bg + b1 x E[NewsCount;] + b, x E[NewsTone;|
+ bs x E[UncWords;] + bs x E[r_1]. 3)

Table 3 reports the results for all firms. Panel A reports
the results for all jumps (regardless of the sign of jumps).
The jump-size mean is statistically significantly related to
the news content: positively related to news counts, the
news tone and the percentage of uncertain words. We ex-
plore this further in Panel B and Panel C in which we
split the analyses for positive versus negative jumps. As
shown in Panel B, positive jump returns are significantly
and positively related to the news counts: more good news
is associated with higher positive returns on jump days. In
Panel C, negative jump returns are significantly and neg-
atively related to news counts: more bad news is associ-
ated with more negative returns on jump days. When we
put all the jump returns in the same regressions, the ef-
fects offset, resulting in the smaller but still positive coef-
ficient on news counts in Panel A. The R? of news flows ex-
plaining negative jump returns, identified by the J99 jump
indicator, is 7.90%, whereas it is 2.74% for positive jump
returns.'®

We also conduct the same analysis for the top 20 firms
and present the results in the Online Appendix Table A.13.
Jump returns are positively related to the news tone but
are mainly driven by negative jump returns. The percent-
age of uncertain words is no longer statistically significant
in explaining the jump returns, at least for jumps identi-
fied by the J99 and J95 jump indicators. The result on news
count is similar to the results using all firms: when news
is negative, more news is related to more negative jump
returns; and when news is positive, more news is related
to more positive jump returns. But the association is more
pronounced for negative jumps. If we do not separate out
the positive jump returns from negative jump returns, we

18 The results for large, medium, and small firms are similar, as reported
in the Online Appendix Tables A.10- A.12.
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Coefficient estimates of NewsCount over time (1980-2012)
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Fig. 1. Effects of news on the probability of daily jumps over time.

2000 2010

In this figure we plot the effect of news on the probability of daily jumps over time. We estimate the same model as in Table 2 within each year from
1980 to 2012 using Factiva data. In the top panel, we plot the time-series of coefficient estimates for the NewsCount variable. In the bottom panel, we plot
the results obtained using news items coming from alternative media sources. D]_] refers to the sample using the Dow Jones and Wall Street Journal news
articles. DJ_J_NYT refers to the D]_J sample augmented using the New York Times news articles, and DJ_J_NYT_FT refers to the DJ_J_NYT sample augmented
using the Financial Times news articles. All models are estimated using J95 as the jump indicator.

see an unconditionally negative association between news
counts and jump returns. That is, as news counts increase,
the jump returns, on average, become more negative. The
R? of news flows explaining negative jump returns is over
30%, compared to an R? of around 11% for positive jump
returns (for J99).

For the jump-size volatility, we use the same set of ex-
planatory variables as for the jump-size mean, and run the
following regressions:

log(r2|Jump) = co + ¢ x NewsCount;e + ¢, x |NewsToney|
+ ¢35 x UncWords; + ¢4 x |1ig_1| + €i¢, (4)
where ri2t|jump measures the realized jump return vari-

ance. The above regression implies the following relation
between the jump-size second moment and news:

E[log(r; [Jump=1)]
= Cg + €1 x E[NewsCount;] + ¢, x E[|NewsTone;|]
+ c3 x E[UncWordsi¢] + ¢4 x E[|ri_1]]. (5)
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Coefficient estimates of NewsCount over time using (1980-2020)

—— Factiva

——DJ.J
0.55 - | —©&— RavenPack

0.45 -

04

T

0.35

‘Y

T
>

0.25

0.2 > Y

l 1

0.05 :
1980 1992

Fig. 2. Effects of news on the probability of daily jumps over time (1980-2020).
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This figure plots the effect of news on the probability of daily jumps over time. We estimate the model similar to Table 2 within each year from 1980
to 2020, then plot the time-series of coefficient estimates for the NewsCount variable. We provide three different time-series corresponding to all Factiva
sample (1980-2012), labelled as Factiva; Dow Jones and Wall Street Journal news articles from Factiva (1980-2012), labelled as DJ_J; and RavenPack D]
Edition sample (2000-2020), labelled as RavenPack. All models are estimated using J95 as the jump indicator.

The results are reported in Table 4. In general, the
jump-size volatility is positively and significantly related to
both the news count and the absolute value of the news
tone. The R?s of the jump-size volatility regressions are
also much higher than those for the jump-size mean re-
gressions. For example, in the case of 99, the R? is 14.1%
for all firms and 25% for the top 20 firms (in untabulated
results). The results are similar for firms in the three size
groups, as shown in the Online Appendix Table A.14. Over-
all, our results indicate that news flows are very important
in explaining variations in the second moment of jump-
size distributions.

4. Cross-sectional determinants and news categories

4.1. Determinants of the sensitivity of jump probability to
news

The results so far suggest that jumps in individual stock
returns are significantly related to the news process, par-
ticularly to news frequency. We now explore further the
potential determinants of this sensitivity of jump probabil-
ity to news counts in the cross-section of firms. Specifi-
cally, we first run logistic regressions, similar to Eq. (1), at
the firm-by-firm level to obtain an estimate of the sensi-
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Table 3

Effects of news measures on daily jump size.

This table reports results from regressions of daily jump sizes, con-
ditional on the jump indicator being 1, on daily news measures for
all firms in the sample. The explanatory variables are the total num-
ber of news articles reported on the Factiva database each day, news
tone, the percentage of uncertain words, and the previous day’s re-
turn. Each of the news variables is standardized to have the same
mean and standard deviation across firms. The news tone measure
is constructed from the percentage of positive and negative words
using the list in Loughran and McDonald (2011). The sample period
is from January 1980 to July 2012. The t-statistics, computed us-
ing standard errors clustered at individual firm levels, are reported
in parentheses. Panels B and C report the results for positive jump
sizes and negative jump sizes, respectively. Each of four statistics
{J99,J95. 099, 095} identifies a jump day if the absolute value of
daily return is above {5.1024, 4.4881, 3.2283, 2.4565} times the time-
varying daily spot volatility. All regression specifications include a con-
stant term that is not reported for brevity.

1) (2) 3) (4)
J99 195 Jo99 Jo95

Panel A: All jumps

NewsCount; 2.96E-03 2.64E-03 2.39E-03 2.26E-03
(19.42) (20.53) (29.22) (39.54)

NewsTone; 0.0126 0.0110 0.0071 0.0050
(40.03) (43.38) (50.52) (55.75)

UncWords, 0.0045 0.0037 0.0020 0.0012
(13.50) (14.06) (13.65) (13.38)

Teoq -0.2094 -0.2206 -0.2588 -0.2850

(-48.10) (-62.99) (-130.33) (-221.23)

N 351,374 480,489 1,096,893 2,055,081
R? 1.24% 1.31% 1.84% 2.54%

Panel B: Positive jumps

NewsCount; 1.04E-02 9.92E-03 8.69E-03 7.72E-03
(56.70) (64.59) (90.11) (114.45)

NewsTone; 0.0014 0.0010 0.0006 0.0003
(3.56) (3.34) (3.44) (2.32)

UncWords; 0.0031 0.0024 0.0015 0.0009
(7.62) (7.65) (8.72) (8.25)

Teo1 -0.2575 -0.2515 -0.2345 -0.2222

(-49.65) (-60.57) (-99.58) (-142.82)

N 206,070 282,470 629,554 1,140,445
R? 2.74% 2.75% 2.81% 2.86%

Panel C: Negative jumps

NewsCount;  -1.07E-02  -9.93E-03  -8.17E-03  -6.75E-03

(-96.96) (-104.91) (-130.51) (-150.35)

NewsTone; 0.0046 0.0043 0.0032 0.0025
(21.04) (23.83) (30.56) (37.37)

UncWords; 2.75E-05 1.44E-04 -1.40E-04  -2.94E-05
(0.12) (0.77) (-1.29) (-0.42)

Te-1 -0.0445 -0.0617 -0.0985 -0.1268

(-13.96) (-23.87) (-65.66) (-129.07)

N 145,304 198,019 467,339 914,636
R? 7.90% 6.96% 5.24% 4.64%

tivity, b; 1, of jump probability to news count for each firm
i. Then, we run a cross-sectional regression to understand
which firm characteristics are linked to this coefficient.
We consider firm characteristics similar to those in
Fang and Peress (2009), computed as an annual average of
end-of-year observations during the same sample period.
The size variable is measured by market capitalization re-
ported by CRSP, book value from Compustat, analyst cov-
erage and dispersion data are collected from I/B/E/S sum-
mary files, and the fraction of institutional ownership is
from aggregate Thompson Reuters 13F filings. We use the
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Table 4

Effects of news measures on daily jump volatility.

This table reports results from regressions of daily jump volatilities,
defined as the log of the squared jump size conditional on the jump
indicator being 1, on daily news measures for all firms in the sample.
The explanatory variables are the total number of news reported on
the Factiva database each day, the absolute value of news tone, the
percentage of uncertain words, and the absolute value of the previ-
ous day’s return. Each of the news variables is standardized to have
the same mean and standard deviation across firms. The news tone
measure is constructed from the percentage of positive and negative
words using the list in Loughran and McDonald (2011). The sam-
ple period is from January 1980 to July 2012. The t-statistics, com-
puted using standard errors clustered at individual firm levels, are
reported in parentheses. Each of four statistics {J99, /95,99, 095}
identifies a jump day if the absolute value of daily return is above
{5.1024, 4.4881, 3.2283, 2.4565} times the time-varying daily spot
volatility. All regression specifications include a constant term that
is not reported for brevity.

(1) (2) (3) (4)
J99 J95 J099 Jo95
NewsCount; 0.1318 0.1261 0.1164 0.1072
(102.74)  (110.74) (134.37) (151.34)
|[NewsTone | 0.0398 0.0343 0.0236 0.0175
(14.17) (14.57) (15.12) (15.17)
UncWords; 0.0044 0.0045 0.0070 0.0062
(1.56) (1.95) (4.54) (5.47)
[re4] 8.4333 8.7466 9.8895 10.9520
(215.75)  (262.77) (430.42) (619.27)
N 351,374 480,489 1,096,893 2,055,081
R? 14.71% 15.10% 16.10% 16.86%

natural logarithm of one plus the number of analysts cov-
ering the company for the analyst coverage variable, and
one minus the fraction of institutional ownership to repre-
sent individual ownership. We also construct a media vis-
ibility measure that captures the number of unique news
sources covering an individual firm (News Sources).

We first run univariate regressions with each of the
firm characteristic variables and report the results in the
Online Appendix Table A.15. We find that, in general, the
jump sensitivity to news is higher for larger firms or firms
in a more transparent and visible information environ-
ment, such as more analyst coverage, more media visibility,
and higher institutional ownership, highlighting the impor-
tance of those channels with respect to quick incorpora-
tion of news into returns. However, these firm characteris-
tic variables are likely to be correlated. Therefore, we eval-
uate the marginal impact of these variables in multivariate
regressions. We include 11 sector indicator variables in the
regressions to understand the differential effect across the
sectors.

Table 5 reports multivariate cross-sectional regression
results in which the dependent variable b; ; is the coeffi-
cient from firm-by-firm logistic regressions estimating the
sensitivity of jump probability to news counts for each
firm, as explained above. The results indicate that, from
our set of firm characteristics, media visibility proxied by
the number of news sources covering a firm is the most
significant determinant for the sensitivity of jump proba-
bility to news. The positive relationship suggests that the
media visibility could help disseminate the information
broadly and the information is more likely to lead to stock
return jumps.
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Table 5

Cross-sectional determinants of jump probability sensitivity to news.
This table reports cross-sectional regression results concerning potential
firm characteristic determinants of the sensitivity of jump probabilities
to news counts. The dependent variable in the cross-sectional regressions
is b;; estimated from firm-by-firm logistic regressions of Eq. 1, that is,
the sensitivity of jump probability to news counts at the individual firm
level. The seven firm characteristic regressors in the cross-sectional re-
gressions are computed as annual averages of end-of-year observations
during the sample period from January 1980 to July 2012. Eleven sector
indicator variables are included in the regressions. The t-statistics are re-
ported in parentheses.

€)) (2) (3) (4)

J99 J95 099 Jo95
Intercept 0.0902 0.0192 -0.0616  -0.0805
(0.30) (0.07) (-0.32) (-0.44)

Size -0.1214  -0.0961 -0.0176 0.0162
(-4.22) (-3.51) (-0.94) (0.92)
Book-to-Market Ratio -0.1715 -0.1155 0.0565 -0.0273
(-1.24) (-0.87) (0.62) (-0.32)

Analyst Coverage 0.1601 0.0994 0.0303 0.0219
(2.64) (1.72) (0.76) (0.59)

Analyst Dispersion 0.0175 0.0203 0.0119 0.0065
(0.55) (0.67) (0.57) (0.33)
Individual Ownership -0.0951 -0.0999  -0.0465  -0.0081
(-1.86) (-2.05) (-1.39) (-0.26)

Return Volatility -0.1362  -0.0986  -0.0224 0.0125
(-2.04) (-1.55) (-0.51) (0.30)

News Sources 0.1901 0.1694 0.0650 0.0099
(7.74) (7.24) (4.06) (0.66)
Consumer Nondurables 0.0523 -0.0068 -0.1051 -0.0562
(0.35) (-0.05) (-1.07) (-0.61)
Consumer Durables 0.1405 0.0926 -0.0286 -0.0676
(0.74) (0.51) (-0.23) (-0.58)
Manufacturing 0.1352 0.0238 -0.0423 -0.0746
(1.16) (0.21) (-0.55) (-1.04)
Energy 0.1663 0.0846 -0.0485  -0.1007
(1.06) (0.57) (-0.47) (-1.05)
Chemicals -0.0828 -0.1228 -0.0703  -0.0706
(-0.37) (-0.58) (-0.49) (-0.52)
Business Equipment 0.0028 -0.0390 -0.1034 -0.0701
(0.03) (-0.45) (-1.74) (-1.25)
Telecommunications 0.0847 0.0507 -0.1337 -0.1639
(0.55) (0.35) (-1.33) (-1.74)
Utilities -0.0561 -0.0614  -0.1489  -0.1711
(-0.28) (-0.32) (-1.13) (-1.38)
Wholesale & Retails -0.0233  -0.0487 -0.0167 -0.0536
(-0.21) (-0.47) (-0.23) (-0.80)
Healthcare & Medical 0.1726 0.1067 -0.0141 -0.0457
(1.59) (1.03) (-0.20) (-0.69)
Financial -0.0204 -0.0530 -0.1519 -0.1844
(-0.22) (-0.60) (-2.51) (-3.24)

N 5026 5026 5026 5026
R? 2.38% 1.90% 1.09% 0.56%

Analyst coverage is another significant variable in de-
termining the sensitivity of jump probability to news. This
relationship is positive, suggesting that firms covered by
more analysts are more likely to jump when public news
arrives. Fang and Peress (2009) show that analyst and
media coverage are substitutes rather than complements.
With this in mind, our findings suggest that when public
news arrives for firms with higher analyst coverage, the in-
formation contained in the news may be more informative,
possibly not previously covered by the analysts, thus creat-
ing a higher chance of inducing jumps in stock returns.

The fraction of individual ownership shows a signifi-
cantly negative relationship with respect to the sensitiv-

n
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ity of the jump probability to news. In other words, firms
with higher institutional ownership tend to jump more fre-
quently when public news arrives. This finding suggests
that it is more likely that institutional traders are the ones
who trade when public news arrives (e.g. Huang et al.,
2019), at least on the same day. Individual investors may
suffer from limited attention and may not be able to react
on the same day for all public news that arrives.

Overall, the results in Table 5 suggest that the existence
of more information intermediaries, such as media, ana-
lysts, or a higher fraction of institutional investors, helps to
incorporate the firm-specific public news into stock return
jumps.

4.2. Additional analysis using different news categories

So far, we have not differentiated between the type
of news. In reality, specific type of news, such as earn-
ings related news, may be more important in explaining
stock return jumps than other types of news. To investi-
gate the role of different types of news articles, we em-
ploy the RavenPack database. We rely on the news groups
that RavenPack provides and regroup them into ten major
news categories. We then allocate all news into those ten
categories.

The results are presented in Table 6. Due to the un-
availability of the RavenPack data for the first 20 years of
our sample, the sample is from January 2000 to the end
of 2020. The most important news category for both news
counts and the absolute value of news tone (according to
both t-stats and odd ratios) is Earnings and Revenues, fol-
lowed by: Analyst Ratings; Capital Structure; M&A; Mar-
keting and Investor Relations; Labor Issues and Executive
Turnovers; and Products and Services information.

In addition to the news groups information, RavenPack
also provides further classification of news items within
each group, which we call news sub-categories. While the
group information is about the type of news article, the
sub-category item corresponds to more detailed informa-
tion on the actual content. For example, news articles clas-
sified as having a group of Analyst Ratings can be fur-
ther classified into specific sub-categories depending on
the content, such as Change to Negative, Change to Posi-
tive, and so on. To investigate how specific sub-categories
of news articles matter for jumps in stock returns, we
further divide each of the ten categories we used in
Table 6 into five different sub-categories. Within each cat-
egory, we pick the four most important types of new sub-
categories based on the frequency and place the rest into
others.!

Table 7 reports the results. For brevity, we only re-
port the coefficients and t-stats associated with the total
number of news articles for each sub-category. Mostly, the
sub-categories are statistically significant when the parent
category is significant. However, there are a few interest-
ing exceptions where some of the sub-categories no longer

9 The precise mapping from the RavenPack group and category vari-
ables to our grouping is reported in the Online Appendix.
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Table 6
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Effects of different news categories on the probability of daily jumps.

This table reports results from pooled logistic regressions of the J95 daily jump
indicator, defined using Lee and Mykland (2008), on daily news counts and ab-
solute news tone by category using RavenPack data. The explanatory variables,
which are standardized to have the same mean and standard deviation across
firms, are the total number of news articles and the absolute value of news
tone reported on the RavenPack database each day. The sample period is from
January 2000 to December 2020. The t-statistics, computed using standard er-
rors clustered at individual firm levels, are reported in parentheses. The odds
ratios are reported in brackets. The regression specification include a constant
term and lagged absolute return that are not reported for brevity.

M&A

Analyst Ratings

Assets

Capital Structure

Credit Ratings

Earnings and Revenues

Marketing and Investor Relations

Labor Issues including Executive Turnovers

Products and Services

Insider Trading

2
RMcFadden

NewsCount; |[NewsTone; |
All news
0.055 0.022
(55.31) (21.67)
[1.056] [1.022]
0.094 0.038
(62.56) (23.46)
[1.098] [1.039]
-0.007 0.021
(-3.87) (11.73)
[0.993] [1.021]
0.075 0.024
(75.29) (24.31)
[1.078] [1.024]
0.018 0.009
(7.74) (3.58)
[1.018] [1.009]
0.174 0.097
(110.88) (75.66)
[1.190] [1.102]
0.073 -0.017
(47.76) (-6.20)
[1.076] [0.984]
0.030 0.002
(19.10) (1.09)
[1.030] [1.002]
0.033 0.023
(15.88) (10.32)
[1.034] [1.023]
-0.015 0.009
(-5.81) (3.68)
[0.985] [1.009]
4.67%

show statistical significance even though their parent cat-
egory is significant. For instance, while Capital Structure is
the third most important group in Table 6, Buybacks are
not statistically significant and Note Sale carries marginal
significance at the sub-category level. As a further exam-
ple, Marketing and Investor Relations is a significant cate-
gory in Table 6, but only Shareholder Disclosure and Con-
ference Call related news articles are significant as sub-
categories in that group. Overall, these results highlight
the value of disaggregating and investigating the impact by
news sub-categories.

5. Robustness and additional analyses

In this section, we summarize some robustness analyses
of our results. We also present results from additional non-
parametric analyses related to our main results concerning
the relationship between measures of news flow and stock
return jumps.

5.1. Forecasting future volatility using news measures

Our analyses have focused on how daily news mea-
sures are related to individual stock return jumps identi-
fied probabilistically at various levels of confidence. Moti-
vated by the results in Baker et al., 2021 for market-level
jumps, we now check whether our frequency and content
news measures can forecast future volatility. We use a test
equation analogous to that in section 3.5 of Baker et al.,
2021. In our case:

5 12
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Table 7
Effects of news sub-categories on the probability of daily jumps.
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This table reports results from pooled logistic regressions of the J95 daily jump indicator, defined using Lee and Mykland (2008), on daily news count
and absolute news tone by sub-categories using RavenPack data. The explanatory variables, which are standardized to have the same mean and standard
deviation across firms, are the total number of news articles and the absolute value of news tone reported on the RavenPack database each day. We
report the result for the total number of news only for brevity. The sample period is from January 2000 to December 2020. The t-statistics computed
using standard errors clustered at individual firm levels are reported in parentheses. The regression specification include a constant term and lagged

absolute return that are not reported for brevity.

Acquirer Acquiree Merger Interest Others
M&A 0.023*** 0.050%** 0.033*** 0.026*** 0.007+**
(10.43) (20.31) (7.94) (8.06) (3.61)
Change to Negative Change to Positive Set Negative Set Positive Others
Analyst Ratings 0.065*** 0.023*** 0.055*** 0.017*** 0.016***
(35.54) (7.45) (2.69) (2.74) (7.99)
Sale Facility Open Facility Close Patent Others
Assets 0.012** -0.001 -0.004 0.003 -0.004*
(2.22) (-0.18) (-0.54) (0.18) (-1.89)
Note Sale Dividend Buybacks Public Offering Others
Capital Structure 0.010** 0.016*** 0.004 0.025%** 0.064***
(2.04) (10.57) (1.42) (5.79) (72.24)
Set Affirmation Downgrade Upgrade Others
Credit Ratings 0.002 0.009** 0.020%** -0.010 0.019***
(0.54) (2.20) (4.76) (-1.49) (8.38)
Earnings Up Earnings Down Revenue Up Revenue Down Others
Earnings and Revenues 0.050%** 0.028*** 0.023*** 0.012%** 0.103***
(35.75) (19.88) (16.88) (7.21) (75.77)
Shareholder Disclosure Conference Call Board Meeting Conferences Others
Marketing and Investor Relations -0.018*** 0.090*** -0.002 0.002 -0.002
(-8.92) (65.66) (-0.14) (1.11) (-0.15)
Executive Appointment Executive Resignation Layoffs Executive Salary  Others
Labor Issues including Executive Turnovers 0.005** 0.017*** 0.013*** -0.001 0.003
(2.08) (6.03) (3.84) (-0.21) (0.83)
Business Contract Product Release Regulatory Approval Award Others
Products and Services 0.020*** 0.017*** 0.027*** 0.036** 0.018***
(7.51) (3.41) (2.90) (2.21) (7.29)
Sell Sell Registration Buy Surrender Others
Insider Trading -0.004 -0.026*** 0.013*** 0.009** -0.004
(-0.86) (-11.01) (4.58) (2.42) (-0.33)
R? 4.91%

'McFadden

The explanatory variables include the current standardized
news measures, as before, as well as indicators for positive
and negative absolute values of returns plus lagged daily,
weekly, and monthly proxies for realized variance. The de-
pendent variable is average squared daily returns over the
following five days.

The results are in Table 8. Higher news counts reduce
future realized volatility, consistent with an interpretation
that more news reduces uncertainty. This result is similar
to that in Baker et al., 2021, who identify different clarity
with respect to different sources of news.

5.2. Robustness: using single firm articles only

The Online Appendix Table A.19 reports the results of
logistic regressions of daily jump indicators on daily news

measures using the news articles that are unique to each
firm. That is, only news articles that mention a single
firm are included. For robustness, we compare these re-
sults with the results in Table 2, which include all news
for each firm. The results are very similar. Small differences
suggest that news tone is slightly less significant but that
the percentage of uncertain words is more significant for
the case of single firm news. The percentage of uncertain
words may be a more precise measure when restricted to
single firm news articles.

5.3. Robustness: alternative identification methods for jumps

As described in Section 2, we identify jump days us-
ing a nonparametric approach that accommodates time-
varying spot volatility. The jump identification criteria cor-
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Table 8

Effects of news flows on future realized volatility.

This table reports results from regressions of future realized volatility,
defined as the following week’s realized variance conditional on the
jump indicator being 1, on daily news measures for all firms. The ex-
planatory news variables include the total number of news reported
on the Factiva database each day, the absolute value of news tone,
and the percentage of uncertain words. Each of these news variables
is standardized to have the same mean and standard deviation across
firms. The news tone measure is constructed from the percentage of
positive and negative words using the list in Loughran and McDon-
ald (2011). Other regressors discussed in the text (Eq. 6) but not re-
ported in this table for brevity, are indicators for positive and nega-
tive absolute value of returns plus lagged daily, weekly, and monthly
realized variance. The sample period is from January 1980 to July
2012. The t-statistics, computed using standard errors clustered at in-
dividual firm levels, are reported in parentheses. Each of four statis-
tics {J99,J95, /099, Jo95} identifies a jump day if the absolute value of
daily return is above {5.1024,4.4881,3.2283,2.4565} times the time-
varying daily spot volatility. All regression specifications include a con-
stant term that is not reported for brevity.

(1) (2) (3) (4)
J99 J95 1099 Jo95

Panel A: All jumps

NewsCount; -6.65E-04  -6.10E-04  -4.96E-04  -3.96E-04
(-8.01) (-9.25) (-12.83) (-15.77)
|NewsTone; | -2.24E-04  -1.77E-04  -6.78E-05 -4.01E-05
(-1.24) (-1.31) (-0.98) (-0.99)
UncWords; 2.66E-05 1.92E-05 -2.17E-05  -7.52E-06
(0.15) (0.14) (-0.32) (-0.19)
N 348,549 476,985 1,090,421 2,044,388
R? 1.91% 2.05% 2.56% 3.20%
Panel B: Positive jumps
NewsCount; -417E-04  -3.98E-04  -2.74E-04  -3.02E-04
(-5.07) (-6.03) (-9.02) (-10.74)
|NewsTone;|  -4.63E-05  -4.61E-05 1.88E-05 2.35E-05
(-0.25) (-0.33) (0.25) (0.50)
UncWords; 1.66E-04 1.29E-04 6.55E-05 3.63E-05
(0.90) (0.93) (0.87) (0.79)
N 204,496 280,490 625,893 1,134,549
R? 3.40% 3.62% 3.68% 4.36%
Panel C: Negative jumps
NewsCount; -1.27E-03  -1.13E-03  -7.29E-04  -5.58E-04
(-7.25) (-8.28) (-9.86) (-12.31)
|NewsTone; | -2.42E-04  -2.00E-04 -1.08E-04 -8.65E-05
(-0.68) (-0.76) (-0.85) (-1.23)
UncWords; -1.62E-04  -1.28E-04  -1.25E-04  -5.06E-05
(-0.46) (-0.49) (-1.00) (-0.73)
N 144,053 196,495 464,528 909,839
R? 1.17% 1.23% 2.02% 2.59%

respond to different percentiles of the maximum return
distribution from Lee and Mykland (2008). For example,
the J95 indicator (corresponding to the 95th percentile)
is 4.4881, which would identify a jump day if the abso-
lute value of the daily return is greater than 4.4881 times
that day’s spot volatility. Total daily jump counts, associ-
ated with several alternative jump indicator statistics, are
reported in the bottom panel of Table 1 for all firms and
for our three firm-size groups. For example, the number
of jump days for all firm days using the J95 indicator is
480,489.

One could, instead, use an unconditional threshold to
identify jump days, for example, by assuming the spot
volatility is constant over time. The median spot volatil-
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Table 9

Using alternative definitions of jumps.

This table reports results from pooled logistic re-
gressions of the daily jump indicator, defined us-
ing alternative absolute thresholds of 8.92% and
10%, on daily news measures for all firms in the
sample. The explanatory variables, which are stan-
dardized to have the same mean and standard de-
viation across firms, are the total number of news
reported on the Factiva database each day, the ab-
solute value of news tone, the percentage of un-
certain words, and the absolute value of the pre-
vious day’s return. The news tone measure is con-
structed from the percentage of positive and neg-
ative words using the list in Loughran and Mc-
Donald (2011). The sample period is from January
1980 to July 2012. The t-statistics, computed using
standard errors clustered at individual firm levels,
are reported in parentheses. Panel B reports the
odds ratios associated with each variable in brack-
ets. All regression specifications include a constant
term that is not reported for brevity.

(1) (2)
J(8.92%) J(10%)

Panel A: Coefficient estimates

NewsCount; 0.1320 0.1366
(86.72) (84.91)

|NewsTone; | 0.0152 0.0172
(12.82) (13.34)

UncWords; 0.0101 0.0097
(9.06) (7.97)

|Ret; 1] 0.4118 0.4108

(220.33) (217.20)

N 20,079,694 20,079,694

R2, L dden 4.40% 4.58%
Panel B: Odds ratios

NewsCount; [1.141] [1.146]
|NewsTone; | [1.015] [1.017]
UncWords; [1.010] [1.010]
|Ret; 1| [1.510] [1.508]

ity for all firm-day observations in our sample is 1.9867%.
Scaling our J95 jump indicator (4.4881) by the median
value for spot volatility, we identify a jump if the absolute
daily return is above 8.92%.2° The number of jump days
identified using the constant 8.92% threshold is 1,060,281,
more than twice as many as identified using the J95 in-
dicator with time-varying spot volatility. This is because
large increases in spot volatility may be identified as jump
days using the former method but not the latter.

Table 9 reports results for effects of our daily news
measures on daily jump probabilities for all firms, using
the J(8.92%) threshold and an alternative J(10%) threshold
for identifying jump days. All three news measures con-
tinue to be significant. Comparing these results with the
J95 column of Table 2, we see that the coefficients and sta-
tistical significance of the three news measures are similar,
although the news frequency effect is stronger using the
jump identification method that controls for time-varying
spot volatility. For a related reason, the R? reported in
Table 9 is higher, reflecting the significance of the abso-

20 Baker et al., 2021 use 2.5% as a threshold for index returns which,
due to diversification, would have a more concentrated distribution than
our individual stock returns.



JID: FINEC

Y. Jeon, TH. McCurdy and X. Zhao

[m3Gdc;August 19, 2021;10:38]

Journal of Financial Economics xxx (XXXX) XXx

Table 10

Effects of news measures on probability of daily jumps: novel news.

This table reports results from logistic regressions of the daily jump indica-
tor, defined using Lee and Mykland (2008), on daily news count and abso-
lute news tone for all firms using novel news from the RavenPack database.
The explanatory variables, which are standardized to have the same mean
and standard deviation across firms, are the total number of news articles
and the absolute value of news tone reported on the RavenPack database
each day, and the absolute value of the previous day’s return. The sam-
ple period is from January 2000 to December 2020. The t-statistics com-
puted using standard errors clustered at individual firm levels are reported
in parentheses. Panel B reports the odds ratios associated with each variable
in brackets. Each of four statistics {J99, 95,099, Jo95} identifies a jump day
if the absolute value of daily return is above {5.1024, 4.4881, 3.2283, 2.4565}
times the time-varying daily spot volatility. All regression specifications in-
clude a constant term that is not reported for brevity.

(1 (2) (3) (4)

J99 J95 J099 Jo95
Panel A: Coefficient estimates
NewsCount; 0.3045 0.2862 0.2331 0.1907
(140.44) (140.67) (137.28) (132.79)
|NewsTone | 0.0776 0.0756 0.0639 0.0513
(26.80) (31.27) (41.22) (46.19)
|Ret;_1] 0.1044 0.1057 0.1019 0.0941
(70.30) (82.15) (102.94) (107.11)
N 23,808,488 23,808,488 23,808,488 23,808,488
R2) radden 4.96% 4.04% 2.22% 1.32%
Panel B: Odds ratios
NewsCount; [1.356] [1.331] [1.263] [1.210]
|NewsTone; | [1.081] [1.079] [1.066] [1.053]
|Ret;_1| [1.110] [1.111] [1.107] [1.099]

lute value of the lagged return that is capturing the spot
volatility clustering which is, to some extent, excluded us-
ing the jump identification method in Table 2.

5.4. Robustness analyses using novel news

In our benchmark analyses, we include all news articles.
The implicit assumption is that the total news count (in-
cluding the repeated ones) would capture the importance
of news. Nonetheless, it is important to investigate how
novel (innovative or surprising) news is related to stock
market jumps. That is, does using only novel news as the
measure of information flow result in a different relation-
ship with stock market jumps?

To implement this analysis, we rely on the RavenPack
news dataset. This dataset provides a variable that mea-
sures how “novel” a news article is by comparing the con-
tent of the news article with previous news articles about
the same company. The highest novelty score is 100. We
keep only the news articles with a novelty score of 100 for
this analysis to focus on news that is most likely to be a
surprise. In addition to the number of novel news, we also
measure the tone of these news articles using the propri-
etary sentiment measure that RavenPack provides.?!

21 The sentiment measure from RavenPack ranges from 0 to 100; we
subtract 50 so that it ranges from -50 to 50, with a negative value of
the re-centred measure representing negative sentiment and a positive
value representing positive sentiment. Note that RavenPack does not pro-
vide the news text, so we are not able to generate the uncertain words
measure which would be missing from the analyses with RavenPack data.

Using these textual measures related to novel news
flow, we repeat our baseline regressions as for Table 2 and
present the results in Table 10. In general, our results in
Table 10 are quite consistent with those in Table 2: more
news is related to higher probabilities of jumps in stock
returns.”?

In summary, we can conclude that our results with re-
spect to the effects of the news flow on stock market
jumps is robust to whether we measure the news flow us-
ing all news articles or just novel news articles. The 20
extra years of data provided by the Factiva data collected
for this paper allows us to evaluate a longer sample period
and uncover the time trend of how news flows affect stock
return jumps.

22 To address the sample difference between the RavenPack and Factiva
data. we repeat the same regressions using all news articles from the
RavenPack dataset (results reported in the Online Appendix Table A.20).
The results with all news articles in RavenPack are very close to the re-
sults with novel news articles only. The differences in results between
all news articles by RavenPack in the Online Appendix Table A.20 and
all news articles from Factiva (Table 2), can be explained by differences
in news coverage. RavenPack’s coverage is from 2000 to 2012 (we use the
Dow Jones version of RavenPack), while Factiva’s coverage is from 1980 to
2012 and Factiva covers more sources of news articles (according to Fac-
tiva, Dow Jones is part of the Factiva news sources and there are 32,000
sources in total for Factiva). To further address the sample-period differ-
ence, we present the results using Factiva articles between 2000 and 2012
(reported in the Online Appendix Table A.21). The results in the Online
Appendix Table A.21 are closer to the Online Appendix Table A.20 than
Table 2.
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5.5. Robustness to the Factiva timestamp

A potential issue with using the Factiva database is that
it does not provide accurate time stamps on when the
news is released for all the news articles (only available
for a subset of news wire articles). This could confound our
results as the jumps are identified using close-to-close re-
turns, while news-related variables are aggregated at the
calendar day level. Therefore, our news-related variables
would capture news released after the market close, al-
though we expect the majority of news would be released
during the day. We address this issue as follows (results
are in the Online Appendix Table A.23). We use the Raven-
Pack data, which includes precise time stamps for when
each news article is released, to compare the differences
associated with two methods. For method 1, we use the
same timing criteria as with the Factiva data and aggre-
gate news counts at the calendar day level, while we use
a close-to-close definition to aggregate news counts for
method 2. Note that we use RavenPack data for both meth-
ods and the only difference is the timing of the measure-
ments for news. We find that the result using method 2
is more significant overall than the result using method
1. This indicates that our results using Factiva could be
slightly underestimating (more importantly not overesti-
mating) the true effect due to the unavailability of precise
timestamps in Factiva.

6. Conclusion

Stock prices exhibit large, discrete changes, typically la-
belled as “jumps”. A potential important source of jumps
in stock returns can be material news events. In this pa-
per, we test the relationship between jumps in stock re-
turns and news flows. Explicitly analyzing the impact of
news on return jumps requires firm-level news data. To
do so, we collect 21 million news articles associated with
more than 9000 publicly-traded companies from the Fac-
tiva database and use textual analyses to derive measures
summarizing those news, including news frequency, tone,
and uncertainty.

Our results show that these measures of news flow con-
tent are significantly related to nonparametric measures of
jump intensity and jump-size distributions and explain an
important fraction of variations in the jumps across indi-
vidual companies. We analyze important determinants of
the cross-sectional news-jump relationships, especially as
they relate to firm characteristics (e.g., size, sector, institu-
tional ownership, analyst coverage), news categories, and
news coverage, as well as how those relationships have
changed over time.

Our long sample period of news reveals that the impact
and explanatory power of news flow on the stock return
jumps have increased over time following a broad trend
of improved data provision and transparency, particularly
following the improvements in information dissemination
technology associated with the creation of EDGAR in 1993
and the wide adoption of the Internet after 2000. This im-
provement in (tail) price informativeness associated with
daily news for individual stock returns, complements the
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increased “clarity” over time associated with market-level
jumps reported by Baker et al., 2021.

Equipped with our large cross-section of firms, we are
also able to investigate determinants of the differential im-
pact of news on stock return jumps across firms. We find
important determinants with respect to firm characteris-
tics, as well as news categories and sub-categories. For ex-
ample, higher media visibility, higher analyst coverage, and
a higher fraction of institutional ownership all increase the
sensitivity of jump probabilities to news arrival, highlight-
ing the importance of those channels with respect to quick
incorporation of news into returns.

We provide results from a comprehensive range of ro-
bustness analyses which reveal that the effect of the daily
news flow on daily stock return jumps and the differen-
tial effects over time and across companies is remarkably
robust.

Our analyses of the relationships between news flow
measures and stock return jumps for a large panel of com-
panies could enrich the economic content of models for
stock return dynamics with jumps which typically treat the
sources of jumps as latent. Explicitly incorporating news
processes in models of stock return jumps can potentially
help identify jumps due to information arrival as opposed
to jumps due to other reasons, such as liquidity or strate-
gic trading based on private information. This may have
broad implications for applications such as option pricing
and risk management where stock return jump models are
frequently used.

Supplementary material

Supplementary material associated with this article can
be found, in the online version, at doi:10.1016/j.jfineco.
2021.08.002.
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